The relationship between El Niño/Southern Oscillation (ENSO) and the Indian monsoon is analyzed using cross wavelet analysis and Granger causality estimation from empirical data for the period 1871-2003. In addition to the previously known negative correlation between the processes analyzed, their bidirectional coupling is detected and characteristics of its inertia and nonlinearity are estimated. The results from an analysis of variations in coupling characteristics in a moving window with a width ranging from 10 to 100 years demonstrate an alternation of different regimes of processes interaction, including intervals of almost unidirectional coupling.
INTRODUCTION
Major climatic processes of global importance are linked to El Niño/Southern Oscillation (ENSO) events and the Indian monsoon [1] . The strongest interannual variations in global surface temperature depend on the intensity of ENSO events. Over two thirds of the earth's population live in monsoon related regions (with a key role played by the Indian monsoon) [2] . An investigation into the interaction between ENSO and Indian monsoon activity is both of regional and global interest. A relationship between these processes has been reliably detected with differ ent methods [3] [4] [5] [6] [7] [8] [9] [10] [11] .
The increase in sea surface temperature (SST) in the equatorial Pacific during El Niño along with the corresponding change in convective processes, the Walker zonal circulation, the Hadley meridional cir culation, and the displacement of the intertropical convergence zone is accompanied by considerable seasonal anomalies of temperature and precipitation in many regions. There are significant variations in a strong negative correlation between characteristics of the El Niño and Indian monsoon, in particular, its noticeable decrease since the last quarter of the 20th century [1] . In addition to the analysis of coherence between the processes, an investigation of the interac tion between ENSO and the Indian monsoon should involve an estimation of the strength of the impact of one process on another, i.e., quantitative estimates of directional coupling and tendencies in its variation under climate changes. In this paper such estimates are obtained by cross wavelet analysis and Granger causality analysis, both in a linear [13] and nonlinear [14] [15] [16] version, which is used in Earth sciences more and more often (see [17] [18] [19] [20] [21] [22] [23] ).
DATA
In the analysis we used monthly means of the ENSO and Indian monsoon indices for the period 1871-2003. As the ENSO index, we used the SST in the Niño3 region (5° S-5° N, 150° W-90° W)) in the Pacific Ocean from the GISST2.3 data for 1871-1996 [24] (available at http://paos.colordo.edu/ research/wavelets/nino3data.asc) supplemented with data for 1997-2003 [25] (http://www.cpc.noaa. gov/data/indices/sstoi.indices), analogously to the approach available at http://atoc.colorado.edu/ research/wavelets/wavelet1.html. The Indian mon soon was characterized by variations in all India monthly rainfall [26] . The monsoon index is denoted by x 1 (t) and the ENSO index by x 2 (t).
Seasonal variations in both processes are related to a common external forcing: the annual insolation cycle. An imposed common external forcing can lead to erroneous conclusions that one process influences another. Therefore, to remove the seasonal variability, the annual cycle was subtracted from both time series. For this purpose, mean values of x k (averaged over the entire 1871-2003 period) were calculated for each month, for example, January. The monthly means were then subtracted from all January values of x k , and so on. The symbols x 1 and x 2 are retained below for the deseasonalized indices. The time series analyzed here are shown in Fig. 1 .
WAVELET AND CROSS WAVELET ANALYSIS Local and integral wavelet spectra of the time series analyzed are shown in Fig. 2 [27] . The largest power for the monsoon is concentrated in intra annual vari ations, as is seen from the local spectrum. For ENSO, components with periods of about 3 and 5 years are noted in both the integral and local spectra.
The estimate of a cross correlation function (CCF) for the investigated signals has a maximum absolute value of -0.22 for a 3 month time lag of ENSO rela tive to the monsoon. The standard deviation of the CCF estimate according to the Bartlett formula [28] is 0.025. Under the assumption of the Gaussian distribu tion of the CCF estimate, which is valid for the avail able rather long time series, one can find a 95% confi dence interval: -0.22 ± 0.05. Although the absolute value of CCF is not large, it is different from zero with very high confidence probability. Cross wavelet analysis (analogously, for example, to [12] ) uncovers the strongest coherence between the ENSO and Indian monsoon indices on timescales ranging from 2 to 7 years (Fig. 3) . In this case, along with high coherence intervals, intervals of weakening coupling or even the absence of significant coupling between these processes are detected. Moreover, the extent of the phasing of overall antiphase mutual changes with an alternation of the driving and driven processes is varied.
ESTIMATION OF GRANGER CAUSALITY
Let there be time series from two processes {x k (t)}, t = 1, 2,…,N, k = 1, 2, where x k denotes variables and N is the series length. It is necessary to find out whether the process x 1 affects x 2 (the influence 1 → 2) and vice versa (2 → 1). If an influence is found, one can find its quantitative characteristics, including esti mates of inertia, nonlineariry, etc. For this purpose, the concept of Granger causality is used, the estimates of which are based on the construction of empirical models and a calculation of prediction errors of one process with and without the inclusion of another.
For a linear estimation of Granger causality [13] , we first construct individual autoregressive (AR) mod els for x 1 (t) and x 2 (t) Next, a joint AR model is constructed
where is the dimension of an addition to the equation of one process of the data from the other pro cess, which may be regarded as a characteristic of influence ineria, and η k is Gaussian white noise. Anal
is the sum of mean squared pre diction errors of the process x k with x j taken into account, where Let us denote a minimum value of by and the unbiased esti mator of the variance of residual errors by The prediction improvement of x k with x j taken into account characterizes the influence j → k: = Below we consider the normalized value everywhere. To assess the statistical significance of the differ ence of from zero, an F test is used [29] . Let P k and P k|j denote the number of coefficients in the indi vidual and joint models of the process x k , respectively. For the statistically independent processes x 1 and x 2 ,
is distributed according to the Fisher F law with the number of degrees of freedom The presence of the influence j → k is inferred at the statistical significance level p, i.e., with a probability of random error no greater than p if exceeds the (1-p) quantile of the F distribution.
To describe nonlinearity in models, the procedure remains the same but the models are constructed with nonlinear functions, for example, individual models of the form (4) and analogous joint models
where f k and are polynomials of an order L k . It is important, however, to choose the form of nonlinear functions in a proper way. However, there is no regular procedure that would guarantee a good choice. Several studies have employed polynomials [16, 18] , radial basis functions [14] , or local models [15] . In what fol lows, low order algebraic polynomials will be used.
To select d k , and L k , a specific algorithm is used. For a fixed L k , d k should be chosen large enough for residual errors of the model to be δ correlated. For automatization of the procedure, it is convenient to use the Schwartz information criterion [30] 
i.e., minimize + Selecting that provides a maximum value of or gives greater than zero at the minimum significance level p is more suitable for finding the coupling between processes. In practice, the two criteria more often give similar results. Next, the adequacy of the joint AR model is checked as was indicated above and, if necessary, the sample value of is varied. The choice of L k is made according to the Schwartz crite rion or to the most significant
The sampling values of d k , L k should be sought within such a range that the number of coefficients in any fitted AR model is far less than N. By a rough estimate, it may not exceed i.e., approximately 40 in the case ana lyzed.
The estimates were first calculated for the entire period 1871-2003; then an analysis was performed in a moving window of width from 10 to 100 years.
INDIVIDUAL MODELS
For linear models, the number of coefficients is Fig. 4b) . As for the estimate of the cross correlation function of residual errors, it is significantly different from the delta func tion at d 2 = 1 and not significantly at d 2 = 5 (not shown). For L 2 > 1, an optimal version is achieved at d 2 = 1; however, to ensure the uncorrelatedness of resid uals, d 2 must be increased to 5. The Schwartz criterion for linear models is lower than for the nonlinear ones. On the basis of these results, the linear model with d 2 = 5 should be considered optimal. The normalized variance of its prediction error is = 0.18. An analysis of residual prediction errors of the opti mal models of both processes demonstrates their delta correlatedness. Moreover, the distribution of residuals is close to Gaussian distribution. Thus, the F test is suitable for estimating the Granger causality.
,
INFLUENCE OF ENSO ON THE MONSOON
In constructing models for the monsoon with ENSO impact at different L 1 , d 1 = 1 is always used by taking into account the results given in Fig. 4a . For L 1 = 1 and L 1 = 3, = 1 is optimal according to the Schwartz criterion (Fig. 5a ). Of them, the linear model yields the lower Schwartz criterion. However, the model with L 1 = 3 gives the largest and most signif icant prediction improvement, and this more compli cated model should be considered optimal for an anal ysis of coupling. The prediction improvement in this case is = 0.028, i.e., approximately 3% of the variance of all the factors unexplained by the indi vidual model. This influence is statistically significant.
The choice of = 1 means inertialess influence. Although the linear and nonlinear models produce similar results, the larger statistical significance of the inference about influence at L 1 = 3 allows us to con clude that there are signs of the nonlinear influence of ENSO on the monsoon. The model with L 1 = 3 is 
INFLUENCE OF THE MONSOON ON ENSO
A joint model for ENSO is optimal at L 2 = 1 and = 3 (Fig. 5b) . It gives the most significant predic tion improvement, which is = 0.024 and above zero at the significance level p < 5 × 10 -9 . This model has the form = 3; i.e., the behavior of the ENSO index depends on the values of the monsoon index for the three previous months. The coupling coefficients are negative, which means the anticorrelation of the vari ables x 1 (t) and x 2 (t). All the three coupling coefficients
( 1) ( 1) ( 1) ( ), It can be seen in Figs. 5b, 5d, and 5f that there is an additional prediction improvement at = 10 with a contribution from the values of the monsoon index x 1 (t -9) and x 1 (t -10). Here the coefficients b 2,9 and b 2,10 are positive. However, they are significantly different from zero only at the pointwise level p = 0.02. Because these are only two of the seven additionally introduced coupling coefficients, the common level of significance of the inference about their difference from zero can be estimated to be 0.02 × 7 = 0.14; i.e., the inference is not very reliable. Thus we can only suggest that weak signs of an additional delayed impact of the monsoon on ENSO have been detected.
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ANALYSIS OF THE ADEQUACY OF AN OPTIMAL JOINT MODEL
The structure of time realizations of an optimal model (L 1 = 3,
is visually similar to the structure of the original series (Fig. 6a) . For a quantitative testing, an ensemble of model realizations was generated under identical ini tial conditions and the 95% range of model values was determined. Then 95% of observed values of the mon 
soon and ENSO indices lie within this range (Fig. 6b) , thus confirming the model's adequacy. The cross cor relation between residual prediction errors for the monsoon and ENSO is zero; therefore, the coupling occurs not through a common external forcing.
ANALYSIS OF THE COUPLING IN MOVING WINDOWS
An analysis of characteristics of the coupling between ENSO and the Indian monsoon was also car ried out in a moving time window, i.e., in the intervals [T-W, T], where W is the window length and T is the coordinate of the window endpoint. For a fixed W (which was varied within the range from 10 to 100 years with a step of 10 years), computations were made for T from 1870 + W to 2003. When several time win dows are analyzed, the significance level of the infer ence about the presence of coupling is more difficult to estimate (with a correction for a multiplele character of the test). Namely, according to the procedure described above, the estimates of prediction improve ments and of the significance level of the inference about coupling are calculated separately for each time series. This is a so called pointwise significance level, i.e., the probability of a random error for an individual window. The probability of erroneously making an inference about coupling that is significant at the pointwise level p for at least one of the M nonoverlap ping windows is p ⋅ M according to the rule of summa Estimates of the ENSO impact on the monsoon are shown in Fig. 7 for an optimal nonlinear model at d 1 = = 1, L 1 = 3 with a window length of 30 and 100 years. The 100 year window gives highly signifi 2 1 d → cant results for any T. The long term tendency is that the influence of ENSO on the monsoon increases slightly at the beginning of the period analyzed, reaches a maximum, and then weakens. The period of the weakening influence is longer than the period when the influence increases. When the window length is decreased, the significance of results falls but the time resolution grows. For example, the 30 year window shows the existence of coupling for 1910 ≤ Т ≤ 1930 and 1975 ≤ Т ≤ 1985, i.e., over intervals of 1880-1930 and 1945-1985 . For a smaller window, the non linear model becomes very cumbersome and produces less significant results. In general it may be concluded that the impact of ENSO on the monsoon was weak before 1880, in 1930-1945, and after 1985. For a 100 year time window, the significant influ ence of the monsoon on ENSO (Fig. 8) is detected for any T (Fig. 8) . The long term tendency is the same as that in the ENSO influence on the monsoon, but a decrease in the influence of the monsoon on ENSO began somewhat later (the maximum of dependence is nearer 2003). For a 30 year window, the significant influence of the monsoon on ENSO is detected for 1917 ≤ T ≤ 1927 and, especially, for 1935 ≤ T ≤ 2000, i.e., actually over the entire time series. For a smaller window length, the significant influence is detected only in the interval 1930-1960 (20 year window) or it is not detected at all (10 year window). In general it may be concluded that the impact of the monsoon on ENSO is more steadily detected than that of ENSO on the monsoon. It is absent only before 1890 and most significant in . The intervals of the stron gest ENSO to monsoon and monsoon to ENSO coupling do not coincide in time but follow each other.
The coupling detected between the processes is approximately symmetric: the normalized prediction improvement in both directions is 2-3% in the analy sis for the entire 1871-2003 interval and has a maxi mum 7% when a 30 year window is used.
Intervals of 1 : 1 synchronization (the phase differ ence between the two signals φ 1 -φ 2 is approximately constant) between the investigated processes were found in [9] : 1886-1908 corresponds to a strong influ ence of ENSO on the monsoon from our results, and 1964-1980 acts analogously. The synchronization of 1 : 2 ( is approximately constant) was detected for 1908-1921 (a predominant monsoon influence on ENSO), 1935-1943 (the largest influence of the mon soon on ENSO and no influence of ENSO on the monsoon), and 1981-1991 (a predominant influence of the monsoon on ENSO). Thus, it can be noted that 1 : 1 synchronization coincides with intervals when ENSO has a stronger influence on the monsoon while 1 : 2 synchronization corresponds to a predominant influence of the monsoon on ENSO.
CONCLUSIONS
Based on Granger causality and cross wavelet analysis, we have obtained new more detailed charac teristics of the interaction between the investigated cli matic processes in comparison with previously known results on their anticorrelation [3] and intervals of phase synchrony [9] . The bidirectional coupling between ENSO and the Indian monsoon is detected with high confidence. The impact of ENSO on the monsoon is inertia free and nonlinear. The impact of the monsoon on ENSO is linear with a 3 month lag time. The coupling is almost symmetric: the predic tion improvement is 2-3% for both directions.
An analysis in moving windows reveals the alternat ing character of the coupling between ENSO and the Indian monsoon. The influence that the monsoon 
